Heavy-atom substructure determination is a critical step in phasing an unknown macromolecular structure. Dual-space (Shake-and-Bake) recycling is a very effective procedure for locating the substructure (heavy) atoms using F A data estimated from multiple-wavelength anomalous diffraction. However, the estimated F A are susceptible to the accumulation of errors in the individual intensity measurements at several wavelengths and from inaccurate estimation of the anomalous atomic scattering corrections f 0 and f 00 . In this paper, a new statistical and computational procedure which merges multiple F A estimates into an averaged data set is used to further improve the quality of the estimated anomalous amplitudes. The results of 18 Se-atom substructure determinations provide convincing evidence in favor of using such a procedure to locate anomalous scatterers.
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Introduction
MAD (multiple-wavelength anomalous diffraction) is one of the primary techniques used to solve macromolecular structures. In a MAD experiment, two or more wavelengths are used to measure anomalous dispersion. The determination of a new protein structure is typically a two-step process. The first step is to locate the anomalous scatterers; the positions of the substructure atoms are then used as a bootstrap to initiate the phasing of the complete structure. Substructure atoms can be located using computational procedures that are based on either Patterson or direct methods. In either case, substructure intensities are estimated from MAD data by using either the so-called F A formula, anomalous differences or dispersive differences, or various combinations thereof.
The analysis of MAD data
Let F P , F D and F A be the structure-factor amplitudes of the native protein structure, the derivative structure and the substructure, and ' P and ' A be the native and substructure phases, respectively. Karle (1980) and Hendrickson et al. (1985) showed by algebraic analysis that for a given wavelength ,
where f 0 is the normal atomic scattering factor, f 0 and f 00 are the anomalous scattering corrections (wavelength-dependent) and the '+' sign refers to reflection (h, k, l) and the 'À' sign to reflection (Àh, Àk, Àl).
Each of the measurements of F AE D at a given wavelength gives us two equations (1) and the different wavelengths may be treated as a system of simultaneous equations. For two or more wavelengths, (1) represents an overdetermined system of equations that can be analyzed to obtain values of F A , F P and Á' for each reflection. Once F A estimates are available, direct methods can be applied to locate anomalous scatterers. Subsequently, substructure phases, ' A , can be calculated from the refined substructure. The initial experimental map is then calculated from estimated F P and protein structure phases ' P = Á' + ' A .
F A data estimation
In a typical MAD experiment, three wavelengths ( 1 , edge; 2 , peak; 3 , remote) are used to measure Bijvoet differences. The common procedure in protein crystallography is to use ALL measured data to estimate the substructure structure factors F A . In theory, these F A values should be closer to the true substructure factors than those estimated from singlewavelength or two-wavelength anomalous dispersion data would be.
From a mathematical point of view, at least two wavelengths [four equations (1)] are needed to estimate the three unknown quantities F A , F P and Á'. When three-wavelength data are available, we could have four different F A estimates from four different inputs: 1 and 2 , 1 and 3 , 2 and 3 , and 1 , 2 and 3 (common protocol). In theory, all the F A estimates should be the same if the anomalous dispersion data are error-free. Unfortunately, the F A values can be estimated only approximately and their accuracy depends on many factors, including the precision of intensity measurements at various wavelengths, the stability of the wavelengths during the whole data-collection session, the effect of crystal deterioration etc.
Estimated F A values can be divided into three classes: reliably estimated, overestimated or underestimated. If the number of significantly overestimated F A is large, direct methods such as Shake-and-Bake will fail. From a statistical point of view, data averaged over four F A estimates will reduce the number of overestimated reflections and should be better than any individual F A estimates. To test our hypothesis, we carried out a series of computational experiments described in the next section.
Materials and methods
The relative merits of using different F A estimates have been determined by a postmortem analysis of the Shake-and-Bake procedure (Miller et al., 1994; Weeks & Miller, 1999) for 18 known SeMet protein substructures ranging in size from five to 70 Se sites in the asymmetric unit. Basic information such as the Protein Data Bank (PDB) code, number of Se atoms in the asymmetric unit (N ), space group and MAD data resolution is listed in Table 1 for these substructures. In each case, three wavelengths of anomalous dispersion data were available and the SHELXC program (Sheldrick, 2008) was used to calculate four sets of substructure F A values using the four different kinds of input mentioned in the previous section. Each set of F A data was then normalized using a modified version of the SHELXD program (Schneider & Sheldrick, 2002) to output the normalized substructure structure factors E A .
All sets of normalized substructure structure factors were truncated to 3 Å resolution, the remaining reflections were sorted in decreasing order according to their E A values and the top 30N reflections were then selected to generate the 300N most reliable three-phase structure invariants for SnB (Weeks & Miller, 1999) applications. Samples of 1000 randomly positioned N -atom trial structures were generated for each set of test data and subjected to 2N cycles of SnB dual-space refinement. Following refinement, the mean phase error (MPE) relative to the known substructure was determined for each trial structure and trials with MPE values of less than 30 were counted as solutions. In all cases, low MPE values were perfectly correlated with low values of the minimal function. The success rate, defined as the percentage of trial structures that converged to solution at the end of a fixed number of SnB cycles, provided an important indication of the quality of the chosen computational method. The latest version of the SnB program implementing the statistical minimal function (Xu & Hauptman, 2004; Xu et al., 2005) was used to obtain the computational results reported in this paper.
Results

Results from individual F A estimations
The success rates obtained from statistical Shake-and-Bake using each of the four E A data sets for the 18 Se-atom test substructures are listed in Table 2 under the headings We have observed from the first four columns of Table 2 that (i) five E A ( 1 , 3 ) data sets, two E A ( 2 , 3 ) data sets, four E A ( 1 , 2 ) data sets and eight E A ( 1 , 2 , 3 ) data sets yielded the highest success rates, (ii) three E A ( 1 , 3 ) data sets, nine E A ( 2 , 3 ) data sets, 12 E A ( 1 , 2 ) data sets and two E A ( 1 , 2 , 3 ) data sets yielded the lowest success rates and (iii) none of the four E A estimates produced solutions for all 18 substructures. In fact, two E A ( 1 , 3 ) data sets (1jxh and 1hi8), two E A ( 2 , 3 ) data sets (1jxh and 1eq2), five E A ( 1 , 2 ) data sets (1jxh, 1cli, 1l8a, 1m32 and 1eq2) and one E A ( 1 , 2 , 3 ) data set (1jxh) failed to yield solutions. Overall, E A ( 1 , 2 , 3 ) data sets produced most of the highest success rates and the smallest number of failures. The results confirm why E A ( 1 , 2 , 3 ) is chosen as a common protocol in protein crystallography to estimate the substructure structure factors.
Effects of the averaged F A estimations
Since it is impossible to eliminate experimental errors completely or to predict which E A estimates will fail to produce solutions, we can utilize statistical procedures to identify reflections with the most reliably estimated substructure structure factors. From a statistical point of view, each of the four data sets can be regarded as independent estimates of the substructure structure factors and the values of the averaged hE A i data set should be more reliable than any of the individual estimates. To verify this hypothesis, all reflections in the averaged data set were sorted in decreasing order of the hE A i values and the top 30N reflections were selected as input to statistical Shake-and-Bake. The success rates for the 18 Se-atom test substructures are listed in Table 2 under the heading hE A i. When comparing two success rates (x and y) obtained from two different data sets, y is statistically higher than x if y ! x + 2(|y À x|), where (x) is the standard deviation calculated by Bernoulli's distribution, (x) = [nx(1 À x)] 1/2 , where n is the number of trials, x is the success rate expressed as a fraction and (|y À x|) = [ 2 (x) + 2 (y)] 1/2 , and y is statistically lower than x if y x À 2(|y À x|); otherwise y is statistically equivalent to x. When compared with E A ( 1 , 2 , 3 ) data sets for the 18 test substructures, hE A i data sets yielded statistically higher success rates for eight test substructures (highlighted in bold in Table 2) and statistically equivalent success rates for the other ten test substructures. More importantly, hE A i data sets yielded solutions for all 18 test substructures.
Effects of reflection selections
As shown in Table 2 , zero success rates were observed with at least one of the four estimated data sets for six test substructures (1jxh, 1cli, 1l8a, 1hi8, 1m32 and 1eq2), but not with their averaged data sets. There are two major differences between the individual E A data sets and the hE A i data sets: (i) the amplitudes of the normalized substructure structure factors and (ii) the rankings of the reflections and thus the selection of the top reflections for SnB phasing. To investigate the possible cause of the zero success rates, we replaced the amplitudes of the reflections in the hE A i data set with one of the four individually estimated E A values, respectively, but kept the ranking of the reflections (no re-ranking). We then selected the top 30N reflections as input to statistical Shakeand-Bake. The corresponding success rates, listed in Table 3 , showed significant improvement in success rates. When compared with E A ranking for the 18 test substructures, hE A i ranking yielded 35 statistically higher success rates (highlighted in bold in Table 3 ), 33 statistically equivalent success rates and only four statistically lower success rates. Furthermore, hE A i ranking yielded statistically higher success rates in all but one case for these six selected test substructures (1jxh, 1cli, 1l8a, 1hi8, 1m32 and 1eq2), thereby indicating that the selection of the top reflections for phasing is in fact the major factor in successful SnB application. The large number of overestimated E A amplitudes is the main reason for the low or near-zero success rates. The reflection ranking based on the hE A i amplitudes, rather than the E A amplitudes, effectively eliminates the overestimated reflections and thus significantly improves the success of the Shake-and-Bake applications.
Effects of measurement error
It has been shown in the previous sections that the presence of overestimated Es in the list of the highest E A amplitudes leads to failure in the direct-methods application when customary E estimates are employed for substructure solution. Overestimated Es stem from measurement errors in the MAD data. In this section, we try to inspect the overestimated reflections for systematic trends and investigate the reasons for the zero SnB success rates for the substructures that yielded at least one SnB failure. Information such as the PDB code, data resolution (including both MAD data and E A substructure data), number of reflections for SnB phasing and reflection sorting is listed in the first four columns of Table 4 for the six selected substructures. Using hE A i as a reference, reflections that appear in the top 30N (where N is the number of Se sites) list of individual E A estimates but do not appear in the top list of the averaged data set, hE A i, are considered as overestimated reflections. For each set of two-wavelength estimates, the percentage of overestimated reflections and the correlation coefficient (CC) between individual estimates E A and hE A i for all 30N reflections and for overestimated reflections only are also listed in Table 4 .
First of all, the percentage of overestimated Es ranges from 25 to 50% and there is no correlation between the overestimated Es and their averaged hE A i (indicated by near-zero CC values). For substructures 1jxh and 1eq2 outliers in the 3.6-3.1 and 3.4-3.0 Å resolution shells, respectively, are rejected by the SHELXC program, indicating poor quality of the integrated intensities in the resolution shell (perhaps owing to ice rings). The main reason for SnB failures for these two substructures is the combination of low E A data resolution and overestimated Es. For substructures 1cli, 1l8a, 1hi8 and 1m32, a relatively low overall CC (bold numbers in column 6 of Table 4 ) from one of the three combinations indicates that one of the three-wavelength MAD data sets might have unacceptable quality (perhaps owing to radiation damage). For example, the overall CC from substructure 1hi8 indicates that the data quality of E A ( 1 , 3 ) (CC = 0.236) is poorer than those of E A ( 2 , 3 ) (CC = 0.360) or E A ( 1 , 2 ) (CC = 0.331). The SnB success rates [0.0, 1.3 and 41.3% for E A ( 1 , 3 ), E A ( 2 , 3 ) and E A ( 1 , 2 ), respectively] clearly indicate that the remote-wavelength anomalous difference had an unacceptable quality, possibly owing to radiation damage since four-wavelength MAD data were measured and the remote-wavelength data were measured last.
Conclusions
A new statistics-based procedure for substructure phasing using F A formulae has been proposed and tested on 18 Seatom substructure examples. The procedure successfully identified overestimated reflections from F A formulae to be a common cause of phasing failures and suggested effective ways to enhance the F A estimation. The test results demonstrate that the improvements are significant, especially for research papers 948 Xu Substructure solution Acta Cryst. (2010). D66, 945-949 Table 4 Investigation of E A estimates using different two-wavelength combinations for the selected substructures. those substructures previously deemed difficult to determine. Although the results were based on the Shake-and-Bake application, this new procedure can be applied to any directmethods-based substructure determination.
